Alzheimer's disease is a pervasive neurodegenerative disorder, the molecular complexity of which remains poorly understood. Here, we analysed 80,660 single-nucleus transcriptomes from the prefrontal cortex of 48 individuals with varying degrees of Alzheimer's disease pathology. Across six major brain cell types, we identified transcriptionally distinct subpopulations, including those associated with pathology and characterized by regulators of myelination, inflammation, and neuron survival. The strongest disease-associated changes appeared early in pathological progression and were highly cell-type specific, whereas genes upregulated at late stages were common across cell types and primarily involved in the global stress response. Notably, we found that female cells were overrepresented in disease-associated subpopulations, and that transcriptional responses were substantially different between sexes in several cell types, including oligodendrocytes. Overall, myelination-related processes were recurrently perturbed in multiple cell types, suggesting that myelination has a key role in Alzheimer's disease pathophysiology. Our single-cell transcriptomic resource provides a blueprint for interrogating the molecular and cellular basis of Alzheimer's disease.
. The pathophysiology of AD involves interactions between neuron and glia; in support of this, transcriptomic and epigenomic analyses reveal downregulation of neuronal functions and upregulation of innate immune responses in AD brains [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] . However, bulk-tissue-level resolution may mask the complexity of alterations across cells and within cell groups, especially for less abundant cell types 4 . Potential changes in cell composition during neurodegeneration also confound the distinction between composition and activity changes in a given cell type. Moreover, the complex interplay between protective and damaging molecular processes, both within and across cell types, further contributes to the difficulty in interpreting tissue-resolution signatures of disease.
Single-cell RNA sequencing (scRNA-seq) provides an alternative method to study the cellular heterogeneity of the brain [15] [16] [17] , by profiling tens of thousands of individual cells 15, 18, 19 . With the goal of characterizing the complex cellular changes in AD brain pathology, here we profile 80,660 droplet-based single-nucleus cortical transcriptomes across 48 individuals with varying degrees of AD pathology and including both sexes. The resulting resource-which is the first, to our knowledge, single-cell view of AD pathology-paints a unique cellular-level view of transcriptional alterations associated with AD pathology, and reveals cell-type-specific and shared gene-expression perturbations, disease-associated cellular subpopulations, and sex-biased transcriptional responses.
Single-nucleus RNA-seq profiling of prefrontal cortex
Post-mortem human brain samples came from 48 participants in the Religious Order Study (ROS) or the Rush Memory and Aging Project (MAP), two longitudinal cohort studies of ageing and dementia.
Information collected as part of these studies (which are collectively known as ROSMAP) includes clinical data, detailed post-mortem pathological evaluations, and omics tissue profiling of participants 20 . We selected 24 individuals with high levels of β-amyloid and other pathological hallmarks of AD (' AD-pathology'), and 24 individuals with no or very low β-amyloid burden or other pathologies ('no-pathology'). For each individual, we profiled tissue from the prefrontal cortex (Brodmann area 10)-a region of the brain that has a major role in traits that are affected by AD, including cognition. Immunohistochemistry for β-amyloid confirmed the pathological status of the samples (Extended Data Fig. 1a, b) , and bright-field and high-resolution confocal microscopy did not show any apparent physical damage to nuclei isolated from AD-pathology samples relative to no-pathology samples (Extended Data Fig. 1c ). We report a total of 80,660 droplet-based single-nucleus RNA-seq (snRNA-seq) profiles (Extended Data Fig. 2a) , which are publicly available on the ROSMAP data compendium (see 'Data availability').
Cellular diversity of the aged prefrontal cortex
To classify the major cell types in the aged cortex, we pre-clustered all cells jointly across the 48 individuals (Extended Data Fig. 2b ) to produce 20 transcriptionally distinct pre-clusters with highly consistent expression patterns across individuals (Extended Data Fig. 2c, d ). We identified and annotated the major cell types of the human brain by interrogating the expression patterns of known marker genes 18, 21 : excitatory neurons (marked by NRGN), inhibitory neurons (GAD1), astrocytes (AQP4), oligodendrocytes (MBP), microglia (CSF1R and CD74), oligodendrocyte progenitor cells (VCAN), endothelial cells (FLT1), and pericytes (AMBP) (Extended Data Fig. 3a, b) . The cell types, markers, and proportions of cell types matched previous singlenucleus droplet-based sequencing data from adult human cortex 18 ,
Systematic differential analysis of gene expression
We compared levels of gene expression in cells isolated from AD-pathology versus no-pathology individuals by cell type (Methods), and identified 1,031 unique differentially expressed genes (DEGs) that implicated all major cell types (Fig. 1a , b, Supplementary Table 2) . Neurons showed a strong signature of repression-75% of DEGs in excitatory and 95% in inhibitory neurons were downregulatedwhereas most DEGs in oligodendrocytes, astrocytes, and microglia were upregulated (53-63%). The numbers of DEGs for non-neuronal populations were substantially smaller, probably owing to reduced power in lower-abundance cell types. These contrasting observations on the number and dominant directionality of DEGs reveal a heterogeneous response to AD pathology between cell types-a recurrent theme that we observed throughout the study. Notably, DEGs were robustly detected at different levels of expression (Extended Data Fig. 4a ). Quantitative PCR with reverse transcription (RT-qPCR) in nuclei staining positive for the neuronal marker NeuN (isolated by fluorescence-activated cell sorting) corroborated significant differential expression for five of the six genes tested, including both upregulated and downregulated genes (Fig. 1c) .
A similar analysis of DEGs using high-quality bulk RNA sequencing (RNA-seq) data from the ROSMAP cohorts (n = 484) validated the DEGs that we identified in our snRNA-seq data (Fig. 1d, e) . In addition, a rank permutation test (Methods) revealed that bulk data are dominated by expression changes observed at the single-cell level in excitatory neurons and oligodendrocytes (Fig. 1f) . Consequently, changes in other cell types are not well captured, with microglia particularly underrepresented. Bulk RNA-seq data also cannot capture DEGs with opposite directionality in different cell types. With snRNA-seq, we found that APOE was strongly upregulated in microglia but downregulated in astrocytes (FDR-corrected P < 0.01, two-sided Wilcoxon ranksum test) (Fig. 1g) , which is consistent with studies of AD in human induced pluripotent stem cells 22 and in mouse models [23] [24] [25] . The vast majority of DEGs (95%) were perturbed only in neurons or in a single glial cell type, which indicates that these perturbations are strongly cell-type specific (Fig. 1h) . However, we found that top DEGs are involved in related processes even across cell types. One such example is myelination, axonal outgrowth and regeneration. Top DEGs included LINGO1, which was upregulated in excitatory neurons and oligodendrocytes and is a negative regulator of neuronal survival, axonal integrity, and oligodendrocyte differentiation and myelination 26, 27 ; ERBIN, which is required for remyelination of axons 28 ; CNTNAP2, which mediates axon-myelin interactions 29 ; NEGR1, which mediates myelin-stimulated outgrowth of axons 30 ; BEX1, which is involved in regeneration of axons after injury 31 ; and NTNG1, which promotes neurite outgrowth of axons and dendrites 32 ( Fig. 1h) . Consistent with the observed downregulation of NTNG1 in excitatory neurons, RNA in situ hybridization revealed significantly fewer excitatory neurons (marked by expression of SLC17A7) with detectable NTNG1 expression in brain sections from AD-pathology individuals compared with no-pathology individuals (Extended Data Fig. 4b) .
Overall, these results indicate that all major cell types are affected at the transcriptional level by AD pathology, and that single-cell-level resolution is critical because changes in gene expression-including directionality-can be conditional on cell type.
Cell-type-specific changes during AD progression
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and 'late-pathology' 33 (higher amyloid burden, and also increased neurofibrillary tangles, global pathology, and cognitive impairment) (Fig. 2a) . We then quantified gene-expression changes by pairwise comparisons between these groups.
Comparison of the early-pathology and no-pathology subgroups revealed that large-scale transcriptional changes occur before individuals develop severe pathological features (Fig. 2b, c) . Both up-and downregulated DEGs were highly cell-type specific, with nearly all genes (96%) perturbed either in neurons (excitatory and inhibitory) or in a single glial cell type. These changes were similar to those found between the no-pathology and AD-pathology groups (Extended Data Fig. 5 ), suggesting that major transcriptional changes appear early in pathological progression. Comparison of the late-pathology and early-pathology groups revealed common upregulated genes that were shared across cell types (Fig. 2d ), in contrast with the cell-type specificity that we observed at an early stage of pathology Shared upregulated genes are involved in protein folding (for example, HSP90AA1 and HSPA1A), including molecular chaperones (for example, HSPB1 and CRYAB), and are also associated with autophagy, apoptosis, and the generalized stress response (Fig. 2c, e) . These processes are collectively involved in the proteostasis network-the molecular machinery that operates to maintain protein integrity [34] [35] [36] . In contrast with upregulated genes, downregulated genes mostly showed cell-type-specific changes.
Cell-type-specific associations with AD-related traits
Given the complexity and heterogeneity of the AD phenotype, we next aimed to quantify the association between gene expression in specific cell types and variability of pathological traits. We used the major pathological quantitative traits from the ROS: β-amyloid level, neurofibrillary tangle burden, neuritic plaque count, tangle density, global AD pathology, and global cognition. For each individual, we first computed the correlation between the expression profile of each gene (for a given cell type) and a pathological trait. We then analysed the resultant gene-trait correlation patterns using the self-organizing map (SOM) approach 37 to discover gene sets with similar expression patterns that most strongly correlated with each phenotype (Methods). Genes with similar phenotypic correlations are grouped in the same SOM grid unit, with similar units clustered nearby (Extended Data Fig. 6a-e) . We observed that excitatory neurons, inhibitory neurons, astrocytes, microglia, and oligodendrocytes each showed distinct SOM units associated with multiple pathological traits, which indicates that different groups of genes respond to AD pathology in each cell type. Gene sets that correlated with post-mortem interval and age at death were highly distinct from those that correlated with pathological signatures of AD, suggesting that they are orthogonal to each other.
To identify gene groups that showed similar correlations with traits, we used an image segmentation method to identify and manually curate the ten SOM territories that were most strongly associated with AD phenotypes across cell types (Extended Data Fig. 6f ). We found that the gene groups defining these territories (gene-trait correlation modules M1-M10) are involved in common functional pathways that are relevant to the pathophysiology of AD (Supplementary Table 4 ). For example, M7 showed a positive pathological correlation in microglia and was enriched in immune and inflammatory pathways, as well as in pathways associated with the clearance of β-amyloid. M9 was positively correlated with pathology in oligodendrocytes and was enriched in oligodendrocyte differentiation and myelination pathways-possibly reflecting an oligodendrocytic response to myelin loss.
To link genetic risk with coordinated gene activity, we quantified the overrepresentation of genes from genome-wide association studies (GWAS) 38 and identified modules that were linked to genetic risk factors for AD and for general cognitive function. M6 and M7 overlapped with genes that are AD risk factors, including APOE, TREM2, MEF2C, PICALM, and the major histocompatibility complex (MHC) class II genes HLA-DRB1 and HLA-DRB5; expression of these genes in microglia is positively correlated with measures of AD pathology. By contrast, M3 overlapped with genes that are associated with cognition 39 and the expression of which is negatively correlated with pathology in neurons (Extended Data Fig. 6g, Supplementary Table 4 ). These observations provide a link between genetic risk factors and the microglial and neuronal transcriptional responses to pathology, which may partially explain some of the risk conferred by genetic variants.
AD-associated cellular subpopulations
To dissect cell-type heterogeneity, we next sub-clustered each major cell type 40 , resulting in 13 excitatory-neuron (Ex), 12 inhibitory-neuron (In), 4 astrocyte (Ast), 5 oligodendrocyte (Oli), 3 oligodendrocyteprecursor-cell (Opc), and 4 microglia (Mic) sub-clusters. The identified subpopulations were not exclusively enriched with cells from any single individual (Extended Data Fig. 7a, b) . We examined the cellular composition of each subpopulation in relation to the pathological features as a function of the total number of cell types in which the upregulation occurs. e, Gene Ontology terms associated with genes upregulated in the late-pathology group that are common to ≥5 cell types (n = 11 genes, hypergeometric test, FDR correction).
Article reSeArcH of source brains (Methods), and observed an overrepresentation of cellular subtypes in pathology for most major cell types. For example, the cellular subpopulations Ex4, In0, Ast1, and Oli0 were associated with cells that were isolated from subjects with AD-pathology traits-that is, high amyloid level, high Braak stage (V), low CERAD (Consortium to Establish a Registry for Alzheimer's Disease) score, low NIA (National Institute on Aging)-Reagan score, and pronounced cognitive decline. By contrast, the subpopulations Ex6, In2, Ast0, and Oli1 were associated with cells from subjects with no pathological traits (FDR < 0.01, hypergeometric test; Fig. 3a -d, Extended Data Fig. 7c, d ).
These observations were robust to a randomization analysis in which three female and three male subjects were chosen at random from each pathological category for 100 trials (FDR < 0.01, Extended Data Table 5 ). Consistent differences were also reflected in the enrichment of quantitative pathological features (Fig. 3f , FDR < 0.01, permutation test). Thus, both categorical assignments and unbiased direct measurements of clinico-pathological variables support a strong association between the cell-type subpopulations and AD pathological status that is robust to individual selection.
To gain further insight into the molecular processes that distinguish these subpopulations, we identified marker genes for each cellular subpopulation (Extended Data Fig. 8 and Supplementary Table 6 , FDR < 0.01, two-sided Wilcoxon rank-sum test).
AD-pathology-associated Ex4 neurons were marked by LINGO1, RASGEF1B, and SLC26A3, suggesting that subpopulations preferentially observed in neuropathology may underlie the differences in gene expression that were observed at the cell-type level. AD-pathologyassociated Oli0 cells were marked by CADM2, QDPR, NLGN1, and CRYAB; the latter is an anti-apoptotic and neuroprotective chaperone, the dysfunction of which could exacerbate inflammation and demyelination 41 . Immunohistochemistry confirmed that cell subsets of the oligodendrocyte lineage (oligodendrocytes and oligodendrocyte precursor cells) express high levels of CRYAB or QDPR in the white matter of AD-pathology individuals (Fig. 3g , h, Extended Data Fig. 9a, b) . The AD-pathology-associated astrocyte subpopulation Ast1 showed preferential expression of GLUL and of the AD risk factor CLU, which has been shown to be upregulated in reactive astrocytes in response to neurodegeneration 42 . The AD-pathology-associated subpopulations In0, Opc1, and Mic1 were marked by genes that have roles in protein folding and stability, neuronal and necrotic death, and T cell activation and immunity, respectively, suggesting cell-type-specific responses to global cellular stress (Extended Data Fig. 8 ). Thus, in addition to the previously reported roles of neurons and microglia in AD pathophysiology, the disease-associated signatures of oligodendrocytes and astrocytes reveal additional glial transcriptional responses to pathology.
Previous studies have profiled microglia from mouse models of AD 23, 25 . We tested whether the expression signatures associated with AD pathology that we found in the human brain overlapped with the reported states in mice. We found that marker genes of the AD-pathology-associated Mic1 subpopulation, including the MHC-II genes CD74 and HLA-DRB1, significantly overlapped (P ≤ 0.01; onesided Fisher's exact test) with mouse disease-associated 25 and mouse late-response microglia 23 marker genes (Extended Data Fig. 9d , Supplementary Table 7) . Immunohistochemistry of samples from AD-pathology individuals confirmed the presence of a subpopulation of microglia that expressed high levels of MHC class II proteins (Extended Data Fig. 9c ). The microglial subpopulation identified here in humans revealed AD-associated genes not seen in the animal models, including the complement component C1QB and the pattern recognition receptor CD14. Next, we tested to what extent Mic1 markers also overlapped with human non-AD, aged microglia 43 . Although we found a significant overlap (P ≤ 0.01; Fisher's exact test, Extended Data Fig. 9d ), many Mic1 marker genes, including APOE, were specific to AD pathology and not identified in aged microglia. Our observations suggest that the Mic1 subpopulation represents a distinct microglial state that shares features with, but is also distinct from, previously reported microglial cell states in mouse models. However, more extensive single-cell references of glial cells in the human brain will be required to contextualize pathological versus normal heterogeneity.
Sex-specific differential response to AD pathology
We identified robust differences in the association of AD pathology between cells from female versus male individuals (Fig. 3d )-AD-pathology-associated cell subpopulations (Ex4, Ast1, Oli0, and Mic1) were enriched with female cells, whereas no-pathology subpopulations (Ex6, Ast0, and Oli1) were enriched with male cells. This overrepresentation of female cells was not a result of the disproportionate cell contribution of particular individuals (Extended Data Fig. 7a, b) , nor was it owing to more severe AD pathology in female individuals (Extended Data Fig. 10a ). Differences between sexes were also reflected in the marker genes of AD-pathology-associated subpopulations; these genes showed expression patterns that partially segregated female and male AD individuals, with higher expression in females (Extended Data Fig. 10b, c) . We thus hypothesized that the differences might stem from a sex-specific differential transcriptional response to AD pathology.
To discern whether female and male individuals present global differential responses to AD pathology, and whether such variability preferentially involves specific cell types, we recomputed individuallevel gene-trait correlations, splitting the dataset by sex (Methods). The resulting data enable correlation distributions to be directly compared Article reSeArcH by cell type and pathological feature (Fig. 4) . Notably, we found contrasting, qualitatively distinct responses between sexes, involving multiple cell types (Supplementary Table 8 ). The most extreme differences were observed in neurons and oligodendrocytes. In males, increased pathology correlated with a global transcriptional activation in oligodendrocytes, as reflected in positive correlation shifts (median correlations, 0.203 (neurofibrillary tangle burden (NFT)); 0.165 (tangles); 0.108 (amyloid); and 0.101 (plaques)) (Fig. 4, top) . By contrast, global shifts in transcription in oligodendrocytes were not observed in females; instead, correlations with pathological traits and with cognition remained centred around zero (median correlations, −0.04 (NFT); −0.042 (tangles); 0.028 (amyloid); and −0.031 (plaques)) (Fig. 4) . Extreme responses were also observed in neuronal cells, in particular in response to amyloid. In females, increased pathology correlated with a global downregulation (median negative correlation) of gene activity in both excitatory neurons (median correlation, −0.272 (amyloid)) and inhibitory neurons (median correlation, −0.225 (amyloid)). In males, excitatory neurons showed a qualitatively similar but much less pronounced response (median correlation, −0.01, amyloid). Conversely, inhibitory neurons did not, in males, show a clear overall shift in response to pathology or a correlation with cognition, except for a slight increase in response to amyloid (median correlation, 0.1 (amyloid)). We also observed differences, albeit more subtle, in other cell types. In particular, oligodendrocyte precursor cells in females presented a shift towards downregulation in response to pathology-as reflected by a shift in the directionality of correlation for all pathological variables-which was not observed in males. Estimations of median sex differences (bootstrap-estimated) that support these observations are provided in Supplementary Table 8 .
To examine a biological role of possible sex bias in relation to white-matter pathology, we looked at the total volume of whitematter hyperintensities (WMH) from MRI data from 505 individuals in the ROSMAP cohorts. We found a significant association between the volume of white-matter lesions and lower cognition (cogn_global_lv) in female subjects, but not in males (Extended Data Fig. 10d, e) . These observations are consistent with a scenario of reduced transcriptional response, particularly in oligodendrocytes, in females with AD pathology. Although these analyses support an underlying sex bias in molecular processes linked to white-matter changes in AD pathophysiology, further single-cell-level analyses of larger sample size and additional experimental follow-up studies will be needed to fully understand the relationship between transcriptional and pathological differences between sexes.
Discussion
We report here 80,660 single-cell transcriptomes across 48 men and women with a range of AD-associated pathology. Whereas previous studies on AD pathophysiology focused primarily on neurons and microglia (and bulk RNA is dominated by expression signals of neurons and oligodendrocytes), here we provide pathology-responsive transcriptional signatures across six major cell types-excitatory neurons, inhibitory neurons, astrocytes, oligodendrocytes, oligodendrocyte precursor cells, and microglia-as well as 40 transcriptionally distinct subpopulations of cells, some of which are preferentially overrepresented in AD pathology and differentially represented between sexes.
Although most genes presented distinct cell-type-specific perturbations, many of the top DEGs were involved in related processes across cell types. Myelination-related genes were recurrently perturbed not only in oligodendrocytes and oligodendrocyte precursor cells, but also in cells of most major cell types-possibly indicating a major regulatory response to maintain myelin integrity. Although white-matter pathologies have been documented in AD 44 , single-cell resolution enabled us to identify regulators of myelination-such as LINGO1-that are perturbed across neuronal and glial cells, as well as other myelin-related genes that are perturbed only in neurons (PRNP, CNTNAP2, ERBIN, NEGR1, and BEX1) or only in glial cells (CRYAB). Cell-type-specific regulatory complexity may thus need to be taken into consideration in the design of therapeutic interventions in AD, and genes with a more homogeneous response, such as LINGO1, might have more potential for intervention 26 . Whereas perturbations in gene expression were largely cell-type specific at an early stage of pathology, genes upregulated in late-stage pathology tended to be common across cell types and were associated with a global stress response. Previous studies at the bulk-tissue level have implicated the downregulation of aggregation-prone proteins as a mechanism to mitigate compromised protein homeostasis in AD 45 . The global cell-agnostic upregulation of proteostasis pathways observed herein may similarly constitute an intrinsic adaptive response in an attempt to balance impaired protein homeostasis in late-stage pathology. Alternatively, it might reflect a disruption of the base-level functioning of the proteostasis network-a factor known to contribute to disease progression [34] [35] [36] . We found that transcriptional alterations seemed to stem from changes in cell state, with certain cell-type subpopulations more readily captured in AD pathology. The observed alterations are consistent with a scenario in which existing subtypes of the normal brain are preferentially responsive to pathology and overexpress a set of responsive genes in addition to constitutive markers of cell subtypes. However, changes in the relative abundance of subtypes as a consequence of differential vulnerability to pathology is an alternative explanation that we currently cannot rule out. We observed that cells isolated from female individuals were overrepresented in many of the AD-pathology-associated cell subpopulations; responses between sexes were contrasting and qualitatively distinct, particularly in neurons and oligodendrocytes. Our data highlight myelination-related processes in AD pathogenesis, and provide support for a sexual dimorphism in AD that manifests at the transcriptional level, even for individuals matched for age and pathology. The transcriptional sex differences may be interpreted as a greater transcriptional disease burden in female individuals. Alternatively, our findings may be viewed as indicating greater resilience in the female individuals in our study; that is, despite strong alterations at the transcriptional level, the degree of pathophysiological and cognitive decline remains similar in females and males. Overall, our single-cell-resolution analysis highlights the complexity of glial-neuronal interactions in response to AD pathology. Building on our data, future research could investigate how to distinguish between neuroprotection versus pathogenicity, and the responsive versus the driving nature of the transcriptional alterations observed. The mechanistic basis of the observed changes during the course of AD progression remains unknown.
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MEthodS
Data reporting.
No statistical methods were used to predetermine sample size. Selection of individuals from ROSMAP. We selected a total of 48 individuals from the ROS, a longitudinal cohort study of ageing and dementia in elderly nuns, priests, and brothers. The study includes clinical data collected annually, detailed post-mortem pathological evaluations, and extensive genetic, epigenomic, transcriptomic, proteomic, and metabolomic bulk-tissue profiling 20 . For analyses in this paper, we took into account a total of 12 clinical, cognitive, and pathological hallmarks of AD identified through the ROS (Supplementary Table 3 ; ROS clinico-pathological variables can be found in the Supplementary Information). We selected 24 control individuals with no or very little pathology (no-pathology) and 24 age-matched individuals with a spectrum of mild to severe β-amyloid and other pathologies (AD-pathology) (Supplementary Table 1 ). The no-pathology group included some individuals with clinical cognitive impairment, as we selected study participants solely based on pathology and let all other variables freely associate. Details of the clinical and pathological data collection methods have been previously reported [46] [47] [48] [49] [50] . Individuals were balanced between sexes (12 each), and matched for age (medians 86.7 (AD-pathology) and 87.1 (no-pathology)) and years of education (medians 19.5 (AD-pathology) and 18 (no-pathology)). Informed consent was obtained from each subject, and the Religious Orders Study and Rush Memory and Aging Project were approved by an Institutional Review Board (IRB) of Rush University Medical Center. Isolation of nuclei from frozen post-mortem brain tissue. The protocol for the isolation of nuclei from frozen post-mortem brain tissue was adapted from a previous study 51 . All procedures were carried out on ice or at 4 °C. In brief, post-mortem brain tissue was homogenized in 2 ml homogenization buffer (320 mM sucrose, 5 mM CaCl 2 , 3 mM Mg(CH 3 COO) 2 , 10 mM Tris HCl pH 7.8, 0.1 mM EDTA pH 8.0, 0.1% IGEPAL CA-630, 1 mM β-mercaptoethanol, and 0.4 U μl −1 recombinant RNase inhibitor (Clontech)) using a Wheaton Dounce tissue grinder (10 strokes with the loose pestle). Homogenization buffer (3 ml) was added (to a final volume of 5 ml) and the homogenized tissue was incubated on ice for 5 min. Then the homogenized tissue was filtered through a 40-μm cell strainer, mixed with an equal volume of working solution (50% OptiPrep density gradient medium (Sigma-Aldrich), 5 mM CaCl 2 , 3 mM Mg(CH 3 COO) 2 , 10 mM Tris HCl pH 7.8, 0.1 mM EDTA pH 8.0, and 1 mM β-mercaptoethanol) and loaded on top of an OptiPrep density gradient (10 ml 29% OptiPrep solution (29% OptiPrep density gradient medium,134 mM sucrose, 5 mM CaCl 2 , 3 mM Mg(CH 3 COO) 2 , 10 mM Tris HCl pH 7.8, 0.1 mM EDTA pH 8.0, 1 mM β-mercaptoethanol, 0.04% IGEPAL CA-630, and 0.17 U μl −1 recombinant RNase inhibitor) on top of 5 ml 35% OptiPrep solution (35% OptiPrep density gradient medium, 96 mM sucrose, 5 mM CaCl 2 , 3 mM Mg(CH 3 COO) 2 , 10 mM Tris HCl pH 7.8, 0.1 mM EDTA pH 8.0, 1 mM β-mercaptoethanol, 0.03% IGEPAL CA-630, and 0.12 U μl −1 recombinant RNase inhibitor)). The nuclei were separated by ultracentrifugation using an SW32 rotor (20 min, 9,000 r.p.m., 4 °C). A total of 3 ml of nuclei was collected from the 29%/35% interphase and washed with 30 ml of PBS containing 0.04% BSA. The nuclei were centrifuged at 300g for 3 min (4 °C) and washed with 20 ml of PBS containing 0.04% BSA. Then the nuclei were centrifuged at 300g for 3 min (4 °C) and resuspended in 500 μl PBS containing 0.04% BSA. The nuclei were counted and diluted to a concentration of 1,000 nuclei per microlitre in PBS containing 0.04% BSA. Droplet-based snRNA-seq. For droplet-based snRNA-seq, libraries were prepared using the Chromium Single Cell 3′ Reagent Kits v.2 according to the manufacturer's protocol (10x Genomics). The generated scRNA-seq libraries were sequenced using NextSeq 500/550 High Output v2 kits (150 cycles). Analysis of droplet-based snRNA-seq data. Gene counts were obtained by aligning reads to the hg38 genome (GRCh38.p5 (NCBI:GCA_000001405.20) using CellRanger software (v.2.0.0) (10x Genomics). To account for unspliced nuclear transcripts, reads mapping to pre-mRNA were counted. After quantification of premRNA using the CellRanger count pipeline on each of the 48 individual libraries, the CellRanger aggr pipeline was used to aggregate all libraries and equalize the read depth between libraries before data merging (with the default parameters) to generate a gene-count matrix. Then, a cut-off value of 200 unique molecular identifiers (UMIs) was used to select single cells for further analysis. From our pilot sample analysis, we realized that the default cell-detection method used by 10x Genomics (assuming UMI values-a reflection of the RNA content-vary by roughly an order of magnitude among cells) failed to detect a large fraction of the microglia population. Therefore, to determine a more appropriate UMI cut-off value, we plotted a histogram showing cell density as a function of UMI values. On the basis of this analysis we determined 200 UMIs as the lower cut-off for cell filtering. This resulted in an initial dataset that was then further examined to exclude low-quality libraries (see 'Quality control for cell inclusion' , below). External data sources. Markers of human cortical layers and marker genes of cell-type clusters were obtained from ref. 21 and ref. 18 , respectively, and microglia cell-state signatures were obtained from previously published studies 23, 25 . Quality control for cell inclusion. The initial dataset contained 80,660 cells, with a median value of 1,496 total read counts over protein-coding genes. As initial reference, the entire dataset was projected onto the two-dimensional space using t-distributed stochastic neighbour embedding (t-SNE) on the top 10 principal components. The t-SNE coordinates were used to visualize potential biases in apparent cell similarity caused by differential cell quality. For each cell, the following quality measures were quantified: (1) the number of genes for which at least one read was mapped (which is indicative of library complexity); (2) the total number of counts; (3) the percentage of counts mapping to the top 50 genes; and (4) the percentage of reads mapped to mitochondrial genes (which may be used to approximate the relative amount of endogenous RNA, and is commonly used as a measure of cell quality). Cells with a high ratio of mitochondrial relative to endogenous RNAs had low starting amounts of RNA, which might indicate that source cells were dead or stressed and thus result in RNA degradation. Outlier cells in these quality metrics were found to cluster together in the t-SNE two-dimensional space. On the basis of these observations and subsequent scatter-plot analyses, cells with fewer than 200 detected genes and cells with an abnormally high ratio of counts mapping to mitochondrial genes (relative to the total number of detected genes) were removed. Specifically, given a highly skewed empirical distribution of the mitochondrial ratio values (that is, having an elbow shape clearly separating high and low scores), outlier cells were classified in two groups using the k-means clustering algorithm (k = 2) on the mitochondrial ratio, and subsequently removed. Only counts associated with protein-coding genes were considered; mitochondrially encoded genes and genes detected in fewer than 2 cells were excluded. After applying these filtering steps, the dataset included 17,926 genes profiled in 75,060 nuclei. Cell clustering. All 75,060 cells were combined into a single dataset. Normalization and clustering were done with the SCANPY package 52 . In brief, counts for all nuclei were scaled by the total library size multiplied by 10,000, and transformed to log space. A total of 3,188 highly variable genes were identified based on dispersion and mean, the technical influence of the total number of counts was regressed out, and the values were rescaled. These preprocessing steps were performed by sequentially using the functions normalize_per_cell, filter_genes_dispersion, log1p.regress_out, and scale in SCANPY. Principal component analysis (PCA) was performed on the variable genes, and t-SNE was run on the top 10 principal components (PCs) using the Multicore-TSNE package (https://github.com/DmitryUlyanov/Multicore-TSNE). The top 50 PCs were used to build a k-nearest-neighbours cell-cell graph with k = 30 neighbours; subsequently spectral decomposition over the graph was performed with 15 components, and the Louvain graph-clustering algorithm was applied to identify cell clusters. These analyses were performed using the functions pca, neighbours, and louvain in SCANPY. We confirmed that a number of PCs greater than 30 captures 100% of the variance of the data. The initial preclustering analysis resulted in 20 pre-clusters with a median number of 2,990 cells, ranging from 413 to 15,900 cells, after excluding 2 pre-clusters of 360 and 791 cells that reflected low-quality cells (that is, cells that showed mixed cell-type markers; extreme complexity with many more genes expressed than other cells; either too many or too few reads; and, in one case, cells isolated almost exclusively from one individual). For each pre-cluster, differentially expressed genes were detected using the variance-adjusted t-test as implemented in the function rank_genes_groups in SCANPY. The top 500 ranking genes were extracted for each cluster, and used to test for overlap with markers as previously reported 18 . The same clustering protocol was used for both pre-and sub-clustering analyses. During sub-clustering, additional potentially spurious clusters representing low-quality or doublet cells were detected on the basis of extreme separation from the rest of the sub-clusters from the same cell type. Of these, those having a distinctly high number of total counts and mixed expression of markers from different cell types were tagged as potential doublets and not considered for downstream analyses, resulting in a total of 70,634 cells. Cell type annotation and sub-clustering. For each pre-cluster, we assigned a celltype label using statistical enrichment for sets of marker genes 18, 21 , and manual evaluation of gene expression for small sets of known marker genes. Enrichment was statistically assessed using the hypergeometric distribution (Fisher's exact test) and FDR correction over all gene sets and pre-clusters. Broad cell-type clusters were defined by grouping together all pre-clusters corresponding to the same cell type. Sub-clustering analysis was performed independently over each broad cell-type cluster. Sub-cluster-trait associations. Cell sub-clusters were annotated for phenotypic traits and AD-pathology status by assessing, within each sub-cluster, the overrepresentation of cells isolated from individuals annotated with the corresponding trait. For categorical phenotypic variables, enrichment was evaluated using the hypergeometric distribution (Fisher's exact test) and FDR correction over all gene sets and sub-clusters. Enrichment or depletion of quantitative pathological variables was assessed individually by contrasting the average observed value across the cells of a given sub-cluster with a corresponding null distribution estimated by randomly resampling sub-cluster label assignments and computing an average score 10,000 times. The deviation of the observed value from the random expected distribution was quantified using a z-score statistic. Statistical overrepresentation analysis for cells isolated from each individual across the sub-clusters (Fisher's exact test) verified that individual sub-clusters were not exclusively composed of cells from one or a few subjects (Extended Data Fig. 7b) . Robustness of subcluster-trait associations was assessed using a randomization study in which cells from 3 female and 3 male subjects randomly chosen from each pathological category (AD-pathology and no-pathology) were subjected to a computing enrichment analysis for 100 trials. Aggregate P value calculations were conducted by computing a meta-pvalue using the R package metap (Extended Data Fig. 7d) . Phenotypic analysis. Post-mortem scores on AD-related pathologic indices for amyloid, Braak staging, CERAD score, cognitive diagnosis, global cognitive function, global AD-pathology burden, neurofibrillary tangle burden, NIA-Reagan score, diffuse and neuritic plaque burden, and neuronal neurofibrillary tangle density were used to quantitatively describe the pathological phenotype of each individual (Supplementary Information). The quantitative values tangles, NFT, gpath (aggregate of neuritic plaque, diffuse plaque, and neurofibrillary tangle scores), plaq_n, amyloid, and cogn_global_lv were selected as the primary markers for quantifying AD progression. To identify AD pathological groups, distance-based k-means clustering was applied to the quantitative pathological features using k = 3. The number of clusters was selected by testing multiple increasing values of k, and taking the value at which the within-cluster sum-of-square distance dropped. Marker identification. For sub-clusters, a set of markers (specifically overexpressed) genes was defined by a differential expression analysis of the cells grouped in each sub-cluster against the remaining cells within the corresponding broad cell-type cluster. This analysis was applied to all cell types independently. Significantly overexpressed genes were defined based on the Wilcoxon rank-sum test with a FDR-corrected P value ≤ 0.01 and a log 2 (mean gene expression across cells in sub-cluster/mean gene expression across cells in other sub-clusters) of 0.5. Only genes detected in at least 25% of the cells within the given sub-cluster were considered.
Gene Ontology enrichment analyses were performed using the R package gProfileR (https://cran.r-project.org/web/packages/gProfileR/index.html) and using the P value-ranked gene lists as input. For all cases we used the set of 17,926 protein-coding genes included in the quality control data as background. Differential gene-expression analysis. snRNAseq-based differential expression analysis was assessed using two tests. First, a cell-level analysis was performed using the Wilcoxon rank-sum test and FDR multiple-testing correction. Second, a Poisson mixed model accounting for the individual of origin for nuclei and for unwanted sources of variability was performed using the R packages lme4 and RUV-seq, respectively. The consistency of DEGs detected using the cell-level analysis model with those obtained with the Poisson mixed model was assessed by comparing the directionality and rank of DEGs in the two models. Consistency in directionality for all cell types was measured by counting the fraction of the top 1,000 DEGs (ranked by FDR scores) detected in cell-level analysis that showed consistent direction in the mixed model. High consistency was found, with a median fraction of 0.99 (Supplementary Table 2 ). Global consistency between the two models was assessed statistically using a resampling test. We tested whether the differential P value and z-score ranks corresponding to genes detected as upregulated or downregulated in the cell-level analysis were significantly higher or lower than those that were expected by chance when computed using the mixed model. Expected scores were estimated by randomly sampling same-sized gene sets (n = 1,000 replicates). Both significance rank and direction deviated significantly from expectation, with directionality consistent for up-or downregulated genes. Results from the consistency tests and from both the cell-level and mixed-model differential tests are included in Supplementary Table 2. For analyses involving DEG counts, only genes that were significantly supported by both models using the criteria FDR-corrected P < 0.01 in a two sided Wilcoxon-rank sum test, absolute log 2 (mean gene expression in AD category x/mean gene expression in AD category y) > 0.25, and FDR-corrected P < 0.05 in a Poisson mixed model were considered. Owing to their low cell counts, pericyte and endothelial cell populations were excluded from differential analyses.
Bulk RNA-seq differential analysis was performed by fitting a linear model using the R package limma 53 , accounting for the covariates age, RNA integrity number, post-mortem interval, and plate batches. The pathological definition of AD groups provided by ROSMAP was used. This classification defines AD or non-AD groups based exclusively on the overall pathological burden, without considering clinical diagnosis. We used the labels AD-pathology and no-pathology for consistency.
Consistency of gene-expression perturbations in the different cell types observed in snRNA-seq data with those detected in tissue-level bulk RNA-seq was assessed using a resampling approach. To test whether the genes identified as DEGs in single-cell data were also detected as high ranking in the differential analysis in bulk data, a z-score statistic was computed to quantify the deviation of the observed differential (P value) rank scores obtained in the bulk analysis for the genes detected as DEGs in single cells, relative to those observed in 1,000 randomly chosen gene sets (Supplementary Table 2 ). This analysis was performed for each cell type independently. Correlation analysis of gene expression and AD-related neuropathological traits using SOMs. First, for each major cell type, a gene-wise correlation coefficient (Spearman's rank correlation coefficient) was computed using gene expression and AD-related neuropathological trait values across all the annotated cells as variables. The AD-related neuropathological traits included in this analysis were cogn_global_lv, age_death (age at death), educ (years of education), msex (self-reported sex), parksc_lv (global Parkinsonian summary score (last valid score)), gpath, gpath_3neocort (global measure of neocortical pathology), pmi (post-mortem interval), amyloid, plaq_d (diffuse plaque burden), plaq_n, NFT, and tangles. Only significant correlations after Bonferroni correction at P < 0.01 were considered. The resulting correlation matrices for each major cell type were concatenated and analysed using a computational algorithm (SOM) 37 . All SOMs were created using the kohonen R package 54 . To identify the territories of the SOM most strongly correlated with AD-related neuropathological traits, we used an image segmentation method and further manual curation to identify territories (gene-trait correlation modules) based on all the individual cell-type-specific SOM plots for each neuropathological trait. Enrichment analysis for Gene Ontology terms among the genes of a gene-trait correlation module was performed using Metascape 55 . The robustness of gene-trait associations to single-cell heterogeneity and noise was confirmed examining individual-level correlations for the genes in a gene-trait module. Individual-level correlations were computed by first averaging for each individual the normalized gene-expression profiles across cells of the same cell. This resulted in cell-type-specific averaged gene-expression profiles across the 48 individuals. Average profiles were subsequently mean-centred and scaled to finally compute gene-wise correlation coefficients versus corresponding pathological values. Individual-level gene-trait correlations were computed independently for all 48 individuals, for only the 24 male individuals, and for only the 24 female individuals. The robustness of gene-trait associations to potential confounding variables was corroborated by confirming the cell-type-specific recovery of identified gene-trait modules using partial correlation. In brief, the partial Pearson's correlation coefficient between average gene expression and each pathological trait, after correcting for the effects of post-mortem interval, age, gender, and education level of each individual; was computed by first orthogonalizing the normalized expression with respect to the normalized covariates and then computing the correlation in the residual subspace. Immunohistochemistry. Fixed human brain tissue (prefrontal cortex, BA10) was sectioned at 50 μm using a vibratome (Leica). To retrieve the antigens, sections were incubated at 95 °C in immunohistochemistry (IHC) antigen retrieval solution (ThermoFisher Scientific; 00-4955-58) containing 0.05% Tween-20 for 45 min and then placed in PBS for 20 min at room temperature. After washing with PBS (3 × 10 min), the brain sections were incubated in quenching solution (50 mM ammonium acetate, 100 mM CuSO 4 ) at room temperature overnight. After washing with double-distilled water (1 × 15 min) and PBS (3 × 15 min), the sections were permeabilized in PBS containing 0.3% Triton X-100 for 10 min and blocked in PBS containing 0.3% Triton X-100 and 5% normal donkey serum at room temperature for 1 h. The sections were incubated overnight (anti-β-amyloid (D54D2) antibody) or for 48 h (anti-IBA1 and anti-human HLA-DP, HLA-DQ, and HLA-DR antibodies) at 4 °C in primary antibody in PBS with 0.3% Triton X-100 and 5% normal donkey serum. Primary antibodies were anti-IBA1 (1:500; Synaptic Systems; 234 004, polyclonal guinea pig anti-serum), anti-human HLA-DP, HLA-DQ, and HLA-DR antigens, clone CR3/43 (1:100, Agilent; M077501-2), and anti-β-amyloid (D54D2) (1:500, Cell Signaling Technology; 8243). The sections were washed with PBS containing 0.1% Triton X-100 at room temperature (4 × 15 min), and then incubated with secondary antibodies (dilution 1:2,000) overnight at 4 °C. Primary antibodies were visualized with Alexa-Fluor 488, AlexaFluor 594, and Alexa-Fluor 647 antibodies (Molecular Probes), and cell nuclei were visualized with Hoechst 33342 (Sigma-Aldrich; 94403). The sections were washed with PBS containing 0.1% Triton X-100 at room temperature (4 × 15 min) and then mounted on Fisherbrand Superfrost Plus microscope slides in ProLong Gold Antifade Mountant. Images were acquired using a confocal microscope (LSM 880; Zeiss) with a 20× or 63× objective.
For tyramide signal amplification (TSA) labelling, sections were incubated at 95 °C in IHC antigen retrieval solution (ThermoFisher Scientific; 00-4955-58) containing 0.05% Tween-20 for 45 min and then placed in PBS for 20 min at room temperature. After washing with PBS (3 × 10 min), the brain sections were incubated in quenching solution (50 mM ammonium acetate, 100 mM CuSO 4 ) at room temperature overnight. After washing with double-distilled water (1 × 15 min) and PBS (3 × 15 min), endogenous peroxidases were quenched with 0.3% H 2 O 2 for 20 min at room temperature followed by washing with PBS (3 × 10 min). Then the sections were blocked in TNB blocking buffer (0.1 M Tris HCl pH 7.5, 0.15 M NaCl, and 0.5% TSA blocking reagent (PerkinElmer; FP1020)) for 30 min at room temperature. Primary antibody incubation was performed for 48 h at 4 °C in TNB blocking buffer. The sections were washed with PBS containing 0.3% Triton X-100 at room temperature (4 × 15 min) and then incubated with horseradish peroxidase (HRP)-labelled secondary antibody (1:1,500) in TNB blocking buffer for 30 min at room temperature. Then the sections were washed with PBS containing 0.3% Triton X-100 at room temperature (4 × 15 min) and the fluorophore reaction was performed using the TSA Plus Cyanine 5 and Fluorescein System (PerkinElmer; NEL754001KT) for 3 min at room temperature. Then the sections were washed with PBS containing 0.3% Triton X-100 at room temperature (4 × 15 min) and incubated at 95 °C in IHC antigen retrieval solution (ThermoFisher Scientific; 00-4955-58) containing 0.05% Tween-20 for 45 min. After washing with PBS containing 0.3% Triton X-100 at room temperature (4 × 15 min) the sections were either mounted or blocked in TNB blocking buffer for another round of TSA labelling. The following primary antibodies were used: anti-OLIG2 (1:1,000; Atlas; HPA003254; rabbit polyclonal), anti-CRYAB (1:200; LSBio; LS-B3696; rabbit polyclonal), and anti-QDPR (1:2,500; Atlas; HPA065649; rabbit polyclonal). The following secondary antibody was used: HRP-labelled anti-rabbit IgG (goat) (PerkinElmer; NEF812001EA). Images were acquired using a confocal microscope (LSM 880; Zeiss) with a 20× or 63× objective. RNA in situ hybridization. Frozen brain tissue was embedded in Tissue-Tek OCT compound (VWR; 25608-930), cryo-sectioned to 16-μm thickness, and placed onto Fisherbrand Superfrost Plus microscope slides (ThermoFisher Scientific; 12-550-15). The RNAscope 2.5 HD Duplex Detection Kit (Chromogenic) was used according to the manufacturer's instructions, with minor modifications to tissue preparation. In brief, sections frozen at −80 °C were washed with 1 × PBS, baked at 60 °C for 15 min, and fixed in 10% neutral buffered formalin for 90 min at room temperature. Following fixation, the tissue was dehydrated using 50%, 70% and 100% ethanol and then baked at 60 °C for 30 min to avoid detachment. Tissues were then treated with H 2 O 2 for 10 min, followed by protease IV for 30 min. Brain sections were hybridized with two mRNA probes: SLC17A7 (RNAscope probe Hs-SLC17A7-C2; ACD; 415611-C2) and NTNG1 (RNAscope probe Hs-NTNG1; ACD; 446101). Probes in channel 1 (NTNG1) were labelled with HRP enzyme and visualized with a green substrate; and probes in channel 2 (SLC17A7) were labelled with alkaline phosphatase enzyme and a red substrate. Haematoxylin was used to mark cell nuclei in blue. Slides were then imaged using a Leica Dmi8 microscope to take 40× bright-field images. For the quantification, a blinded researcher manually counted the cells labelled with red substrate (SLC17A7) and determined how many of these cells were co-labelled with green substrate (NTNG1). The quantification was based on the analysis of BA10 tissue sections from four low-amyloid individuals and four high-amyloid individuals, with five to six images per individual. Isolation of neuronal nuclei, cDNA synthesis and RT-qPCR analysis. Postmortem brain tissue was homogenized in 2 ml NF1 buffer (0.5% Triton X-100, 0.1 M sucrose, 5 mM MgCl 2 , 1 mM EDTA, 10 mM Tris HCl pH 8.0, 1 mM β-mercaptoethanol, 0.4 U μl −1 recombinant RNase inhibitor (Clontech)) using a Wheaton Dounce tissue grinder (15 strokes with the loose pestle). After homogenization, an additional 8 ml of NF1 buffer was added and the samples were inverted 10 times to mix. The homogenate was passed through a 40-μm cell strainer (VWR; 21008-949) and centrifuged at 300g for 3 min at 4 °C. Then the supernatant was removed and the nuclei were incubated with Alexa-Fluor-488-conjugated antiNeuN antibody (Millipore Sigma; MAB377X) in PBS containing 1% BSA for 15 min at 4 °C on a shaker. The nuclei were washed by adding 35 ml PBS containing 1% BSA, spun down at 300g for 3 min at 4 °C, resuspended in 0.5 ml PBS containing 0.04% BSA and 0.4 U μl −1 recombinant RNase inhibitor (Clontech), and stained with NucBlue Live ReadyProbes Reagent (ThermoFisher Scientific; R37605). NeuN-positive nuclei were then directly sorted into RNA lysis buffer (Qiagen, 74134) using fluorescence-activated cell sorting. Total RNA was extracted using the RNeasy Plus Mini Kit (Qiagen; 74134) according to the manufacturer's instructions, and reverse transcribed using the iScript cDNA Synthesis Kit (BioRad; 170-8891). For gene-expression analysis, cDNA was quantitatively amplified on a thermal cycler (BioRad) using SsoFast EvaGreen Supermix (BioRad; 1725202) and gene-specific primers (DHFR forward, GCTGGAGTATTGATCCCGCC, DHFR reverse, CTGGACTATGTTCCGCCCAC; STMN1 forward, ATACACT GCCTGTCGCTTGT, STMN1 reverse, CTTTTGACCGAGGGCTGAGA; MTRNR2L8 forward, ATTGACCTGCCCGTGAAGAG, MTRNR2L8 reverse, AGGGCCTGTGGACTTGTTAAG; LINGO1 forward, ACCGCATC AAAACGCTCAAC, LINGO1 reverse, CTAGCGGGATGAGCTTCAGG; BEX3 forward, ATGGGCCATACCCAATAGGC, BEX3 reverse, AGAGAGCTCC CCCATAAGGA; BEX1 forward, CGTCACTCGTGTCTCGCTAC, BEX1 reverse, CCATTACTCCTGGGCCTATCC; RPL13 forward, CCTTTCCGCTCGG CTGTTTT, RPL13 reverse, GGCCTTACGTCTGCGGATCT). The comparative C t method was used to examine differences in gene expression and values were normalized to expression levels of RPL13.
Statistical analysis of white-matter data from ROSMAP cohort studies. Measures of WMH were obtained through in vivo brain MRI data collected through the ROSMAP cohort studies. Participants undergo MRI in the Rush Alzheimer's Disease Center (RADC) cohort studies and substudies biennially on 3T scanners including the T1-weighted 3D Magnetization Prepared Rapid Acquisition Gradient Echo (MPRAGE) and T2-weighted 2D Fluid-Attenuated Inversion Recovery (FLAIR) sequences. Raw MPRAGE images were processed to generate total volumes including grey matter, white matter, cerebrospinal fluid and intracranial volumes using the statistical parametric mapping (SPM) package 56 . White-matter lesions that appeared hyperintense in T2-weighted images were segmented based on FLAIR and MPRAGE data using BIANCA 57 . A mask of WMH was generated and the total volume of hyperintensities calculated. Cognitive scores were taken from the recorded variable cogn_global_lv (Supplementary Information), which measures averaged z-scored values from a battery of 19 cognitive tests, yielding a global cognitive function summary. A negative z-score simply means that someone has an overall score that is lower than the average of the entire cohort at baseline. High-and low-cognition groups were defined based on whether a subject has an overall score lower (low-cognition, z-score <0) or higher (high-cognition, z-score >0) than the average. WMH values were compared between low-and high-cognition groups in male and female subjects, using the Wilcoxon rank-sum test (Extended Data Fig. 10d ). Statistical estimation of significant difference in WMH between low-cognition and high-cognition groups in females, and between low-cognition and high-cognition groups in males, was assessed by bootstrap point and 95% confidence interval estimation of the effect size (mean difference) between groups, correcting for sample size (resampling n = 40 observations per group 1,000 times) (Extended Data Fig. 10e ). Reporting summary. Further information on research design is available in the Nature Research Reporting Summary linked to this paper.
Data availability
The snRNA-seq data are available on The Rush Alzheimer's Disease Center (RADC) Research Resource Sharing Hub at https://www.radc.rush.edu/docs/ omics.htm (snRNA-seq PFC) or at Synapse (https://www.synapse.org/#!Synapse:syn18485175) under the doi 10.7303/syn18485175. The ROSMAP metadata can be accessed at https://www.synapse.org/#!Synapse:syn3157322. The data are available under controlled use conditions set by human privacy regulations. To access the data, a data use agreement is needed. This registration is in place solely to ensure anonymity of the ROSMAP study participants. A data use agreement can be agreed with either Rush University Medical Center (RUMC) or with SAGE, who maintains Synapse, and can be downloaded from their websites.
Code availability
Code used throughout this study is available upon reasonable request from the corresponding authors. (n = 106) individuals and high-cognition (n = 252 female and n = 63 male individuals) and low-cognition (n = 147 female and n = 43 male individuals) groups. Groups were defined based on whether subjects had an overall cognition score lower (low.cog, z-score < 0) or higher (high.cog, z-score > 0) than the average. Mean rank-difference values between cognition groups were compared using the two-sided Wilcoxon rank-sum test. e, Statistical estimation of significant difference in WMH between low-cognition and high-cognition groups in females, and between lowcognition and high-cognition groups in males, assessed by bootstrap point and 95% confidence interval estimation of the effect size (mean difference) between groups. Bootstrap resampling was performed by resampling n = 40 observations per group 1,000 times. Horizontal line highlights zero difference. The positive effect-size points and confidence interval estimates do not overlap the zero line in the female group, which provides statistical evidence of an increment in WMH (wmh.icv) in the low-cognition group relative to the high-cognition group in females but not in males.
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Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
n/a Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
The statistical test(s) used AND whether they are one-or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.
A description of all covariates tested 
Data analysis
CellRanger software (2.0.0 version) (10x Genomics) was used to align clean reads to the hg38 human genome (GRCh38.p5 (NCBI:GCA_000001405.20). The single-cell analysis package scanpy (version 0.4.4) implemented in python was used for clustering analyses. The R packages scran ((version 1.8.2) and scater ( (version 1.8.1) were used for single-cell data manipulations and QC analyses. The R package Seurat (2.3.4) was used to compared reproducibility of markers. Bulk RNA-seq differential analyses we performed by fitting a linear model using the R package limma (version 3.38.3). The R package lme4 (1.1-21) was used to fit Poisson mixed models, the R package RUVseq (1.16.1) to remove unwanted variation from RNA data, and the R package metap (1.1) to compute aggregate p-values. All statistical analyses and visualizations were implemented in R (version 3.4.3). GSEA was applied to identify priori defined gene sets that show statistically significant differences between two given clusters. Gene Ontology (GO) enrichment analyses were performed using Metascape (version 3.0). Raw MPRAGE images were processed to generate total volumes including gray matter, white matter, CSF and intracranial volumes using SPM (version 12). White matter lesions appearing hyperintense in T2-weighted images were segmented based on FLAIR and MPRAGE data using BIANCA. All self-organizing maps were created using the Kohonen R package (version 3.0.8).
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Sample size
No explicit calculations were performed to determine sample size. Rather, we aimed to analyze brain tissue from an equal number of men and women and at least 12 individuals per group. Therefore we analyzed brain tissue from 24 individuals with low amyloid burden and 24 individuals with high amyloid burden. These numbers of samples was sufficient to perform a confident data analysis.
Data exclusions Low quality snRNA-seq libraries were excluded and the exclusion criteria are described in the manuscript as follows. Cells with a high ratio of Mitochondrial (MT) relative to endogenous RNAs had low starting amounts of RNA, which might indicate that source cells were dead or stressed, resulting RNA degradation. Outlier cells in these quality metrics were found to cluster together in the tSNE 2D space . Based on these observations and subsequent scatter plot analyses, cells with less than 200 detected genes, and cells with abnormally high ratio of counts mapping to MT genes, relative to the total number of detected genes were removed. Specifically, given a highly skewed empirical distribution of the MT ratio values (i.e., having an elbow shape clearly separating high and low scores) outlier cells were classified in two groups using the k-means clustering algorithm (k=2) on the MT ratio, and subsequently removed.
